[1] The Madden-Julian Oscillation (MJO), the primary 9 mode of large-scale intraseasonal variability in the tropics, 10 is known to relate to the mid-latitude atmospheric 11 variability. Using neural network techniques, a nonlinear 12 projection of the MJO onto the precipitation and 200-hPa 13 wind anomalies in the northeast Pacific during January -14 March shows asymmetric atmospheric patterns associated 15 with different phases of the MJO. For precipitation, the 16 strength of the nonlinear effect to the linear effect was 0.94 17 (in terms of the squared anomalies and averaged over all 18 phases of the MJO), indicating strong nonlinearity, while for 19 the 200-hPa wind, the ratio was 0.55, indicating moderate 20 nonlinearity. In general, anomalous winds blowing from the 21 north or from land were associated with negative 22 precipitation anomalies, while winds from the south or 23 from the open ocean, with positive precipitation anomalies. 24 The nonlinear effects generally induced positive 25 precipitation anomalies during all phases of the MJO. 
between eastward-and westward-moving intraseasonal 56 modes by Roundy and Frank [2004] , who concluded that 57 the regression model produced physically valid analyses 58 that revealed processes of partly nonlinear wave interactions 59 in the tropical atmosphere.
60
[3] In recent years, neural network (NN) methods have 61 been increasingly applied to nonlinearly study the atmo-62 sphere and oceans, with reviews given by Hsieh and Tang
63
[1998] and Hsieh [2004] . In this study, we apply fully can be obtained via NN [Wu and Hsieh, 2004] 
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[4] To characterize the state of the MJO, we used the 104 atmosphere [Spencer, 1993] . The MSU precipitation prod-105 uct is only usable over the ocean. For both datasets, the 106 daily climatological means were subtracted from the daily 107 values to yield the anomalies. To obtain intraseasonal 108 anomalies, a Lanczos response bandpass filter with 240 109 weights and cutoff periods at 35 and 120 days was applied 110 to the wind and precipitation anomalies [Duchon, 1979] . We 111 studied the period 1980-1995 during the months January, 112 February and March for both datasets and the MJO index. 113 The analysis was performed only when MJO events were 114 present, thus shrinking the data record to 968 days. Our 115 study is focused on the northeast Pacific area, between 116 30°N-60°N and 150°W -112.5°W.
117
[6] After removing the linear trend, a combined prin-118 cipal component analysis (PCA) was used to compress 119 the meridional and zonal wind anomalies, with the 120 8 leading principal components (PC) (accounting for 121 95.2% of the variance) retained. For the precipitation 122 anomalies, the 8 leading PCs, accounting for 64.4% of 123 the variance, were retained. Analysis using different 124 number of PCs showed that our results were not sensitive 125 to the number of modes retained as long as 8 or more 126 PCs were used.
127
[7] The multi-layer perceptron NN model with 1-hidden 128 layer used here has a similar structure to the multivariate 129 nonlinear regression model used for ENSO prediction by 130 our group [Hsieh and Tang, 1998 ]. Here, the NN model has 131 two inputs (predictors) A cos F and A sin F (from the MJO 132 index) and 8 output variables (the 8 leading PCs of the 133 200-hPa wind anomalies or precipitation anomalies). The 134 inputs were first nonlinearly mapped to intermediate vari-135 ables h j (called hidden neurons), which were then linearly 136 mapped to the 8 output variables p k , i.e. [Efron and Tibshirani, 1993] . The ensem-158 ble mean of the resulting 100 NN models was used as the 159 final NN solution, found to be insensitive to the number of 160 hidden neurons, which was varied from 2 to 10 in a 161 sensitivity test. Results from using 4 hidden neurons are 
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[9] The output signal from the NN projection is man- 
